On the application of Bezier Surfaces for GA-Fuzzy controller design for use in Automatic Generation Control  by Boesack, Craig D. et al.
Energy Procedia 14 (2012) 457 – 463
1876-6102 © 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the organizing committee of 2nd International 
Conference on Advances in Energy Engineering (ICAEE).
doi:10.1016/j.egypro.2011.12.887
Available online at www.sciencedirect.com
 
 
Energy
Procedia  
          Energy Procedia  00 (2011) 000–000 
www.elsevier.com/locate/procedia
 
 
Available online at www.sciencedirect.com
2nd International Conference on Advances in Energy Engineering 
On the application of Bezier Surfaces for GA-Fuzzy 
controller design for use in Automatic Generation Control 
Craig D. Boesacka, Tshilidzi Marwalab, Fulufhelo V. Nelwamondoca* 
aSchool of Electrical & Information Engineering, University of the Witswaterand,  Johannesburg, South Africa 
bSchool of Electrical Engineering, University of Johannesburg,  Johannesburg, South Africa 
cCSIR Modeling and Digital Science Department, CSIR, Pretoria, South Africa 
 
Abstract 
Automatic Generation Control (AGC) of large interconnected power systems are typically controlled by a PI or PID 
type control law. Recently intelligent control techniques such as GA-Fuzzy controllers have been widely applied 
within the power industry. This work presents a comparative study of conventional AGC control with that of a GA-
Fuzzy controller. In particular this work focuses on the application of Bezier Surfaces in encoding the genetic 
problem for the Rule Base (RB) representing the fuzzy control surface. It is shown that favorable performance is 
obtained in the presence of power plant nonlinearities and Generation Rate Constraint (GRC).   
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1. Introduction 
Automatic Generation Control of large Interconnected Power Systems (IPS) form an important 
function for modern power utilities and thus the quality of frequency control forms a basic performance 
measure. In order to achieve satisfactory frequency control performance, closed loop control of all power 
generators forming part of AGC is warranted. This closed loop control function is realized by Automatic 
Generation Control [1]. 
In addition, frequency also indicates the health of the electrical network in terms of over generation and 
under generation. Any excess of frequency above its nominal value would indicate a surplus of energy 
and likewise any deficiency of frequency below is nominal value would indicate an energy demand.  
The dynamic behavior of large Interconnected Power Systems is dependent upon system disturbances, 
uncertainties due to loading requirements and upon the need to supply electricity of good quality in terms 
of frequency control. Therefore, within an IPS the network frequency is an important indication of the 
power mismatch between energy demand and supply. This inherently places strict performance demands 
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upon the AGC controller, not only to maintain good disturbance rejection properties, but also to be robust 
and to exhibit good regulatory performance [2]. 
Conventional AGC control laws are of the Proportional and Integral (PI) type control strategy. 
However, more recently, intelligent controller strategies such Artificial Neural Networks (ANN) [3], 
Neural Fuzzy (NF) approaches [4], Fuzzy Logic Controllers (FLC) [5], [6] and the use of Genetic 
Algorithms (GA) [7] have found application within the power industry and also within AGC controller 
design. 
The successes of the aforementioned control strategies are that they provide performance robustness in 
the presence of parametric model uncertainties when compared with conventional AGC design techniques.  
The objectives of the AGC controller are threefold:  
• To maintain the frequency deviations ∆f(t) at zero in the presence of electrical load disturbances. 
• To minimize Tie-Line power ∆PTie(t) exchange deviations with all neighboring control areas 
contracted for AGC. 
• To maintain the Area Control Error (ACE) ACE(t) at zero. 
These objectives form the main criteria for assessing the control performance of the AGC controller 
and are combined in the form as illustrated by equations (1) and (2) respectively to form conventional 
Tie-Line bias control, 
 
∆ACEi(t)= ∆PTie i(t)+βi*∆fi(t)  (1) 
 
where the subscript i denotes the ith control area within the IPS and βi is synonymous to the area 
frequency response characteristic. Kp and Ki represent the proportional and integral gains of the AGC 
controller respectively. ο ஼ܲ௜ሺݐሻ is the load reference. 
   
∆PCi(t)= Kp*ACEi(t)+KI*∫ACEi(t)dt  (2) 
 
In this work a GA – Fuzzy controller is designed by means of Genetic Algorithms. In particular during 
the encoding of the chromosome the control points of the Bezier Surface are used as alleles. In applying 
this control strategy to the Automatic Generation Control problem of large interconnected power systems, 
favorable results are obtained in comparison with conventional AGC approaches. Key observation points 
are that for successful GA – Fuzzy approaches the selection of the fitness function is vital for control 
strategy formulation. In addition, the selection initial conditions for evaluating the fitness functions are 
also pivotal.    
 
2. GA – Fuzzy Control Systems 
Fuzzy Logic Control (FLC) systems have found widespread industrial application [8], [9], [8]. This is 
particularly motivated by the fact that FLC controllers can intuitively represent expert knowledge for 
solving complex control problems. However, if expert knowledge of processes are not fully known, or if 
there are situations where the number of control rules are large, conventional FLC controller design 
methods by expert knowledge could be limiting. 
Therefore, in order to optimize and learn the fuzzy control rules, automatic generation of fuzzy rules 
by Genetic Algorithms have been proposed [10]. This is known as GA – Fuzzy Control Systems 
(GAFCS). Figure 1 illustrates the GA – Fuzzy Controller. As shown, the genetic algorithm is used to 
optimize the knowledge base consisting of the scaling gains and the membership functions and secondly 
to learn the fuzzy logic control rules. 
In review of Genetic Algorithms (GA), these are heuristic search techniques based on the principles of 
natural selection and survival of the fittest. GA’s forms the guiding mechanism in GA – Fuzzy controllers 
to finding optimal solutions.      
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One of the most fundamental functions in GA-Fuzzy controller design is the rationalization of the 
chromosome encoding. This typically has followed a structure where each fuzzy rule is coded 
sequentially as a binary string, where genetic operators such as crossover and mutation would perform its 
reproductive functions. However, one of the drawbacks of this technique is that it is dependent upon the 
number of rules, which when there is a substantial number of rules, the genetic search space would 
increase accordingly. In addition the size of the binary chromosome would also increase requiring 
increased computational time and encoding complexity. 
Therefore, this work focuses on applying Bezier Surfaces as a means of representing the fuzzy control 
surface. This is particularly motivated by the ease by which Bezier Surfaces are represented and secondly 
by the relatively small number of control points used to represent the Bezier Surface in contrast to the 
number of fuzzy rules. By means of illustration, a fuzzy controller with 49 fuzzy rules would require a 
binary string representation of the 49 rules, whereas a Bezier Surface represented by 16 control points 
would require a binary string representative of these 16 control points. The Bezier Surface and the Fuzzy 
Control Surface is synonymous in that the Bezier Surface is the representation of the control surface. 
 
  
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Genetic Fuzzy Controller. 
2.1. Chromosome Encoding by means of the Bezier Surface 
Parametric curves or surfaces such as Bezier Surfaces is an extension of Bezier Curves which was 
invented specifically for the car manufacturing industry by Pierre Bezier in the early 1960’s for the 
development of curves for shape design [11]. These curves are intuitive and lend itself to a large variety 
of curves or surface shapes based on the manipulation of only a few control points. In addition, these 
curves are smooth and have an aesthetic appeal which may be of benefit to Fuzzy Logic controller design 
from a surface perspective, ensuring that control functions are not erratic. 
By definition a Bezier Surface ���� �� is as shown in equation (3). 
 
���� �� � �∑ ∑ ��� � ������ � ��������������   (3) 
 
Where ������ and ������ represent the Bernstein polynomials with degree m and n in the variables of 
u and v respectively. ���  is an m by n matrix of control points ���� � ��� with � � �� �� � �� and � �
���� � � �. As can be seen, the Bezier Surface is a combination of the control points and the product of the 
Bernstein polynomials; this creates the terms of the surface. Thus the Bezier Surface is a parametric 
surface based on the control points. 
The Bernstein polynomials are defined as is shown in equation 4. Figure 2 illustrates the encoding of 
the FLC including is scaling gains and fuzzy control surface. Each allele is represented a binary string. 
 
������ � ��� ��� � ��
�������� �������� � � �
�!
�!�����!
 (4) 
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Standard symmetrical triangular membership functions are used for both the input and output member 
functions of the FLC controller (Fig. 2). 
  
Fig. 2. Illustration of the Chromosome encoding showing the control points and the scaling gains. 
 
2.2. Fitness Function Selection and its Importance 
One of the main decisions to be made in applying Genetic Algorithms to problem solving is the 
selection of the fitness function. It forms the criteria by which the suitability of the solutions are accessed 
and evaluated for the specific problem at hand [12], [13]. Improper selection of the fitness function would 
lead to deteriorating controller performance. It should be noted that the fitness function is problem 
dependant and should be chosen in line with the objectives of the control system design. Equation 5 
illustrates the fitness function selection consider in this study, namely the Integral of the Absolute Error 
(IAE) as defined by (5). 
 
������� � ���
�����
   
��� �  � �� |∆f1�t�|�
T
0
|∆f2�t�|�|∆PTie�t�|dt�
N
���0
                                                                                   ��� 
�� � ��0.01, �0.01� ��0.01, 0� ��0.01, 0.01� �0, �0.01� �0, 0.01� �0.01, �0.01� �0.01, 0� �0.01, 0.01� 
 
In (5), IC is the initial conditions chosen for the design and represents the load disturbances for each 
control area, where N = 8 is the number of initial conditions considered. Symmetrical load disturbances 
are chosen for each of the initial conditions. It is paramount that the IC’s consider every possible load 
disturbance scenario for effective GA design to ensure that the dynamic performance of the controller 
meets the stated design criteria. 
The genetic algorithm used for the discovery of the Rule and its respective scaling gains is the Simple 
Genetic Algorithm (SGA), using the Elitist strategy with two point crossover. A mutation rate of Pm = 
0.2 and a population size of 100 chromosomes. A total Generation of 130 is chosen.  
3. Simulation Results and Discussion 
This section presents simulation results of the dynamic frequency responses and illustrates the 
performance of the design GA – Fuzzy controller. Although not illustrated in this work, the power system 
model analyzed is a two area AGC problem as contained within the literature, using governor dead band 
and considering Generation Rate Constraint (GRC) [4], [14].  
Shown in Fig. 3 is the optimized Bezier Surface representing the control surface. From the Bezier 
Surface an equivalent Rule Base is generated as shown.  
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Fig. 3. Optimized Bezier Surface represents Fuzzy Control Surface by GA, also showing 16 control points and Rules. 
The optimal control points matrix ௜ܲ௝ is shown below (6), manipulating the control points would 
adjust the surface accordingly. 
௜ܲ௝ ൌ ൦
ͲǤͺͷ͹ͳ ͲǤͶ͵ͺ͸ െͳǤͳͺ͸ͺ െͲǤͺͻ͵͵
ͳǤ͵ͳͺͺ ͲǤͳͺ͹͸ െͲǤͳͶ͸ͷ െͲǤͶͻʹ͵
ͲǤ͹ͷͷͷ ͲǤͲͶͳͳ ͲǤͳͲͷͷ െͲǤ͸ͻͳͻ
ͲǤͲͳͷͶ െͳǤʹͳͲ͸ ͲǤͳʹʹͳ ͲǤ͹͸ͷ͸
൪ (6) 
As can be seen from the transient response curves (Fig. 4), comparing the PI controller response to that 
the GA – Fuzzy controller, both controllers perform similarly, however, the GA – Fuzzy controller is 
more robust in the presence of Generation Rate Constraint (GRC). It is an important characteristic for 
controllers to be robust in the presence of parametric variation and model uncertainty. In the case of AGC, 
power system dynamics are constantly changing, loads are changed randomly, requiring robust AGC 
performance. With GRC, each generating unit forming part of the network has physical rate limits and 
thus the ramping of the machine is limited. 
4. Conclusion 
This paper illustrated the design of a Genetic Fuzzy controller, based on encoding the problem as a 
Bezier Surface to represent the Rule Base as applied to the Automatic Generation Control problem of 
large interconnected power systems. It is illustrated that the solution compares favorably with 
conventional AGC approaches, amidst Generation Rate Constraint.   
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Fig. 4. Area Control Error response for a load disturbance of 0.01 p.u.MW in Area 1. 
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